sampling zones than the GRD approach, there would be less cost for producers using the ZS approach but they would need to have more knowledge and judgment to adapt it to fi eld specifi c conditions.
Multiple methods have been used to create sampling zones, including soil survey maps, topography, yield maps, and soil color (Fleming et al., 2004; Franzen et al., 2002; Hornung et al., 2006; Kitchen et al., 2005; Khosla et al., 2002) . One method that is receiving much attention is EC a -directed sampling (Bronson et al., 2006; Corwin and Lesch, 2005; Doerge et al., 2006; Johnson et al., 2001) . Soil EC a is infl uenced by a combination of soil physicochemical properties including clay content and mineralogy, soil water content, bulk density, OM, soil temperature, and cation exchange capacity (Corwin and Lesch, 2005; Sudduth et al., 1995) . For most nonsaline soils, soil moisture and texture have the most infl uence on soil EC a (Brevik and Fenton, 2002) . Th e EC a -directed zone sampling has been used to map clay content (Triantafi lis and ; depth to clay pan (Kitchen et al., 1999) , topsoil depth (Doolittle et al., 1994) and soil drainage classes (Kravchenko et al., 2002) .
Soil EC a is related to variations in crop production that are caused by soil diff erences (Jaynes et al., 1995; Kitchen et al., 2003; Zhang and Taylor, 2001 ). While EC a mapping, by itself, may be a poor predictor of yield, Johnson et al. (2001) and Corwin and Lesch (2003) used EC a -directed soil sampling to spatially characterize the soil physical and chemical properties that aff ected yield potential in wheat (Triticum aestivum L.), corn (Zea mays L.), and cotton (Gossypium hirsutum L.). Corwin et al. (2006) also used EC a -directed soil sampling as a basis for monitoring management induced changes in soil quality, where they found that changes in salinity, sodium adsorption ratio, B, and Mo were strongly and signifi cantly correlated with EC a .
Th e relationship between soil ECa maps and soil survey maps is not clear. Hartsock et al. (2005) investigated whether readily available second-order soil survey maps (scales between 1:12,000-1:31,680) were adequate for the interpretation of EC a measurements on three fi elds in Kentucky. Th ey concluded that while second-order soil survey maps provided some useful information, they were not created at suitable scales to adequately interpret EC a data. Anderson-Cook et al. (2002) , on the other hand, determined if EC a maps could provide a useful alternative to detailed soil mapping and found that soil EC a maps in a mid-Atlantic coastal plain study correctly classifi ed soils into two broad soil series with >85% accuracy. Th ey concluded that soil type classifi cation using ECa maps with a statistical classifi cation tree approach showed promise for separating mid-Atlantic coastal plain soils into broad ranges such as Bojac (coarse-loamy, mixed, semiactive, thermic Typic Hapludults) and Wickham (fi ne-loamy, mixed, semiactive, thermic Typic Hapludults) soils, but classifying soils into more precise soil types (e.g., Bojac 1 and 2) was more diffi cult. Th ese results suggest that EC a maps by themselves may not be used to classify soil types, but they could be used to fi ne tune secondorder soil survey maps (Corwin and Lesch, 2005) .
Before informed decisions can be made, there needs to be a quantitative assessment of soil EC a -directed zone sampling as compared to the traditional grid-based soil sampling. In a multi-disciplinary precision farming research project that was conducted in Colorado (Heermann et al., 2002) , multiple soils samples were taken from two diff erent fi elds. In one set of studies, soil samples were taken from both fi elds based on an EC a -directed zone map (Farahani and Buchleiter, 2004) whereas in a separate study, samples were taken from the same fi elds based on a grid (Fleming et al., 2004) . Th e availability of these two separate samples provided the opportunity to determine how well the EC a -directed zone samples characterized the grid-based surface soil samples that were taken from each EC a zone. Th e objectives of this study were: (i) to understand the relationship between soil EC a maps and soil survey maps in characterizing soil types, (ii) to characterize surface SOM and texture of the EC a zones based on zone sampling, and, (iii) to test whether the EC a zone soil characterization based on the less intensive zone sampling is supported by the more intensive grid soil sampling.
MATERIALS AND METHODS
Th is study was conducted on two fi elds in northeastern Colorado. Both fi elds were in continuous corn under center-pivot irrigation. Th e study sites were located near the town of Wiggins, CO and will be referred to as Wiggins1 and Wiggins2 throughout the text. Th e fi elds were 71 ha (Wiggins1) and 52 ha (Wiggins2) in size. Th e soils in the two fi elds include a Bijou loamy sand, Valentine sand, Dwyer sand (mixed, mesic Ustic Torripsamments), and Truckton loamy sand (coarse-loamy, mixed, superactive, mesic Aridic Argiustolls) (Fig. 1) . Th e two study sites were within the same physiographic area, and essentially represent two replications in space of this EC a mapping study in this region (Soil Survey Staff , 1968) .
Soil Apparent Soil Electrical Conductivity Measurements
Whole-fi eld measurements of soil EC a were taken before tillage and planting operations in the spring of 1999 using the Veris 3100 Soil Mapping System (Veris Technologies, Salina, KS). 1 Previous studies in this region by Farahani and Buchleiter (2004) showed that in the nonsaline soils of this region, soil EC a patterns across the fi elds are stable over time. Th us, for the purpose of this study, data from a single soil EC a mapping from each fi eld were used for analysis. Th e Veris soil EC a mapping system consists of six coulter electrodes mounted on an implement that was pulled by a pickup truck, and that simultaneously measures soil EC a for the top 0.0 to 0.3 m and 0.0 to 0.9 m of soil (Lund et al., 2000) . For simplicity, we will use the terms EC s and EC d to refer to shallow (0.3 m) and deep (0.9 m) soil EC a readings, respectively. Th e Veris unit was interfaced with a diff erential GPS system (AgGPS 132, Trimble Navigation Limited, Sunnyvale, CA) with submeter accuracy providing simultaneous georeferenced readings of soil EC a every second. For ease of maneuvering, fi elds were traversed in the direction of crop rows. Th e average travel speed through the fi eld ranged between 7 and 16 km h -1 with soil EC a measurements taken every second, corresponding to 2 to 4 m spacing between measurements in the direction of travel.
A parallel swather (AgGPS Parallel Swathing Option, Trimble Navigation Limited, Sunnyvale, CA) mounted inside a pickup truck guided parallel passes through the fi eld at 12 to 18 m swath widths, yielding from 9000 to 20,000 soil EC a measurements per fi eld. Soil EC a maps for the two study sites are presented in Fig. 2 . Both soil EC s and EC d were used to construct the soil EC a maps (Fig. 2) .
Construction of Soil Apparent Soil Electrical Conductivity Zone Maps
Th e soil EC a zone maps were constructed based on the EC s and EC d patterns identifi ed through cluster analysis. Th e SAS statistical package's Ward clustering algorithm was used on normalized (to a mean of 0 and standard deviation of 1) soil EC s and EC d data (Statistical Analysis Systems, 2001 ). Soils in both fi elds are formed in dunes or in terrace soils overlaid by varying depths of eolian sand. In addition the surface horizons were subject to tillage and recent erosion processes. Th e surface and subsoil horizons can refl ect diff erent depositional and developmental soil environments. Th e EC a zones based on EC s and EC d patterns refl ect whole profi le patterns. Changes in the surface soil horizons in these fi elds may not always be directly related to changes in the subsoil horizons which means one or more EC a zones defi ned by these methods could have similar EC s (EC d ) attributes. Even though the zones as defi ned here refl ect whole profi le patterns we chose to use this stratifi cation of the fi eld for examining surface soil attributes. Th ere is always the possibility that even though there are areas of similar EC s values, the subsoils and hence the EC d values refl ect a diff erent soil environment which may infl uence/or refl ect diff erences in surface attributes.
Th e choice of the number of soil EC a zones was based on the results of the clustering algorithm, which minimized the diff erences within a cluster and maximized the diff erences between clusters, and the intent of covering the range of variation in the fi elds. Initially, four and six soil EC a zones (plus an additional outlier zone) were created for Wiggins1 and Wiggins2, respectively. Th e six or four zones were then aggregated to three zones, with the membership in each zone based on the cluster formation sequence in the hierarchical cluster results.
Th e cluster or soil EC a -class membership of each data point was used to create a map of soil EC a class zones. Th e soil EC a data was spatially dense so a raster map was created by the proximity function in ArcView 3.1 soft ware (ESRI, Redland, CA). Th e proximity function in ArcView identifi es the area represented by each sample point relative to its neighboring sample points and assigns a class membership to that area. Th e fi nal surface map of soil EC a zones was created by reducing the noise in the data via neighborhood majority analysis based on a 5 by 5 cell grid.
Soil Sample Site Location
Zone Sampling. Th e ESAP-95 computer program (Ver. 2.01R, Lesch et al., 2000) was used to identify 23 and 24 soil sampling locations across the soil EC a zone maps for the two study sites, Wiggins1 and Wiggins2, respectively. Since, some of the soil sample locations were placed at the edge of the soil EC a zones by the ESAP-95 computer program, an additional 4 and 14 soil sample locations were identifi ed in Wiggins1 and Wiggins2 study sites, respectively. Th e additional soil sampling sites were identifi ed by visual inspection of soil EC a zone maps, thereby generating a total of 27 and 38 soil sample locations at Wiggins1 and Wiggins2, respectively. Soil samples for SOM were taken in March 2000. In this sampling, two soil cores (0.05 m diam. by 1.2 m) were taken from each sampling location and were composited by soil horizon. Lab analyses were done by horizon and the results were then depth weighted to put the soil attribute data on a 0.3 m depth basis. Only the 0 to 0.3 m attributes were used in this study. At each zone site one soil core (0.05 m diam. by 0.3 m depth) was collected for soil texture in April 2002.
Grid Sampling. Grid soil sampling was performed using a coarse grid size of 76 by 76 m, oriented in the direction of the crop rows. One soil sample site was randomly located and it's GPS coordinates recorded within each grid cell for a total of 125 and 88 grid soil samples for Wiggins1 and Wiggins2, respectively. Th e grid based soil samples were collected in November 1999. One core (0.05 m diam. by 0.3 m.) was taken from each sampling location.
Soil Analysis. All soil EC a readings within a 5 to 8 m radius of each soil sample location were averaged using ArcGIS 8.2 (ESRI, Redlands, CA) to obtain a representative soil EC a value for each soil sample location for quantitative analysis with soil properties. Th ere was a minimum of three soil EC a measurements per soil sample location. Each soil sample was analyzed for sand, silt, and clay fractions for soil texture and for SOM. Organic matter for the soil EC a zone and grid samples were analyzed at a commercial laboratory using the loss on ignition method (MDS Harris, Lincoln, NE). Particle size distribution for the grid and zone soil samples was done using the hydrometer method (Gee and Bauder, 1986) .
Statistical Analysis
Analysis of variance was used to compare the zone and grid sampling results for the various soil attributes, to examine the diff erences in these attributes between EC a zones and to see if there was an EC a zone by sample method interaction in the data. Th e ANOVA was performed using Proc Mixed in SAS (Statistical Analysis Systems, 2001) . Th is procedure accommodates unbalanced designs. Models with and without spatially autocorrelated error terms were evaluated. When ANOVA was found to be signifi cant at 0.05 level, mean comparisons were made using Tukey's adjusted 95% confi dence intervals on the mean diff erences (Statistical Analysis Systems, 2001) 
In addition to ANOVA, logistic regression was used to see how well the zone sample (training data) model of the EC a zones predicted the zone membership of the grid sample data (the test data). Th ese analyses were performed in SAS (Statistical Analysis Systems, 2001) using the logit link function (Hastie et al., 2001 ). Several models were examined, and selection of the best model was based on the fi t statistics (such as Akaike Information Criteria, etc.), reclassifi cation success, and reclassifi cation patterns of both the zone and grid data sets.
RESULTS AND DISCUSSION Relationship between Soil Apparent Soil Electrical Conductivity Zone and Soil Survey Maps
In this study, Order 2 soil survey maps were used to defi ne the soil types within each fi eld (Soil Survey Staff , 2005) . Th e soil survey maps showed that there were two main soils in each fi eld, Bijou loamy sand and Valentine sand (Fig. 1) . Comparing the soil EC a zone maps with the soil survey maps for each fi eld revealed that in Wiggins1, soil EC a zone 1 was dominated by Valentine sand, with 91% of the zone falling within this soil survey map unit and 92% of soil EC a Zone 3 fell within the Bijou loamy sand survey map unit. Approximately 60% of soil EC a Zone 2 was in the Bijou loamy sand and 37% was in the Valentine sand. Th ese diff erences are also refl ected in the soil texture classifi cations for these soil EC a zones.
In Wiggins2, 94% of the soil EC a Zone 1 was classifi ed in the Valentine sand soil and only 28% of soil EC a Zone 3 was classifi ed as a Valentine sand. In the soil EC a Zone 3 approximately 17% of the area fell within the Valentine-Dwyer sand map unit with one delineation accounting for the bulk of this mapping. However, soil horizonation samples from this area did not agree with this soil survey map unit classifi cation. Our samples showed a strong B horizon and the soil was not sand but rather a sandy loam in the area that was classifi ed as a Valentine-Dwyer Sand. Valentine and Dwyer soils are Psamments (entisols with textures of loamy fi ne sand or coarser in all layers of the control section) with A, C horizonation. Th ese results suggest that the soil survey map actually mismapped this section of the fi eld and it should have been mapped as a Bijou loamy sand. If that were the case then 68% of soil EC a Zone 3 would be Bijou loamy sand. Th e soil EC a Zone 2 was about evenly split between the Bijou sandy loam and the Valentine sand.
In both fi elds, EC s and EC d succeeded in separating the dune soils (the psamments) from the terrace soils with argillic horizons (the haplargids and argiustolls). Th ese comparisons of the Order 2 soil survey and EC a zone maps results are similar to those reported by Anderson-Cook et al. (2002) who found that soil EC a readings were able to correctly classify soil types over 85% of the time based on an Order 1 soil survey map. Considering that we only had access to an Order 2 soil survey map, our results are very encouraging. Interestingly, the soil EC a maps of the two study sites were able to show fi ner diff erences in soil types compared to the Order 2 soil survey maps. Th e fi ndings of this study support the conclusion reported by Franzen et al. (2002) that Order 2 soil survey maps are useful for identifying general soil types in a region but are not precise enough to allow establishment of management zones for precision agricultural applications. An alternative to Order 1 soil survey maps is the utilization of the soil EC a maps in combination with Order 2 soil survey maps to establish the main soil types within a fi eld and to delineate management zones with much fi ner details. Th is would enable farmers to more precisely establish management zones to vary agricultural inputs in their fi elds.
Relationship between Soil Apparent Soil Electrical Conductivity Zone and Surface
Soil Texture and Soil Organic Matter Th e soil EC a maps in Fig. 2 show the three EC a zones delineated over the two study sites. In these fi elds, Zone 1 designates the low soil EC a , Zone 3 represents the highest soil EC a values and Zone 2 consists of intermediate soil EC a values. Figure 3 shows the locations of zone-based soil samples and grid-based soil samples overlaid on the EC a zone maps for the two study sites. Field-by-fi eld results are presented below.
Wiggins1
In ANOVA results, all soil attributes were signifi cantly different (at the 0.05 level) between all EC a zones. Soil within EC a Zone 1 was classifi ed as sand with >90% sand and <5% clay whereas soil within EC a Zone 3 was predominantly loamy sand. Th e soil within EC a Zone 2 was intermediate between soils and was classifi ed as loamy sand (Fig. 4, Table 1 ). 
Wiggins2
Soil OM was signifi cantly diff erent between EC a Zone 1 and Zones 2 and 3, but was not signifi cantly diff erent between Zones 2 and 3. Sand and silt were signifi cantly diff erent between all EC a zones. Th e clay fraction of soil did have a signifi cant interaction term in the ANOVA, which means the diff erences in the clay fraction depended on the sample method and the EC a zone.
Within each of the zone and grid data sets, clay was signifi cantly diff erent between all Zone 1 and Zones 2 and 3, but was not signifi cantly diff erent between Zones 2 and 3. Both sample methods supported similar soil diff erences related to soil EC a zones. Overall, these results support previous research which has reported that soil EC a is infl uenced by the sand and clay content of the soil, which refl ect the water holding capacity of the soil (Kitchen et al., 2003; King et al., 2005) .
Relationship Between Zone Soil Samples and Grid Soil Samples

Wiggins1
Th e ANOVA indicated that the grid and zone samples were signifi cantly diff erent for all soil attributes. Th e zone samples had a higher percentage of sand and lower percentage of clay, silt and OM in each of the zones relative to the grid sample means (Fig. 4) . Since the EC a zone-by-sample method term (the interaction term) was not signifi cant in the ANOVA, these sample diff erences were observed in all EC a zones, not just EC a zone 3 where diff erences in the distribution of EC s data suggested that these trends might occur due to sampling artifact.
Wiggins2
As in Wiggins1, SOM, sand, and silt observations were significantly diff erent between the two sample methods. However the grid and zone sample clay content within each EC a zone, were not signifi cantly diff erent (at the 0.05 level. (Fig. 5) . soil electrical conductivity (EC a ) zone (1 thru 3) and sample  type (grid or zone sampling) A closer examination of the data for both Wiggins1 and Wiggins2 reveals that although the diff erences between the EC a -based zone sampling and GRD sampling are statistically signifi cant, they are small and are probably not agronomically important. Th e diff erence in SOM was between 0.10 and 0.14%. In both fi elds, the signifi cant diff erences between soil sampling methods in sand, silt, or clay ranged from 1.3 to 2.9%. Th ese observed diff erences in the soil texture properties between the two sample methods are probably of little agronomic importance and will not infl uence a farmer's management decision.
Th e signifi cant attribute diff erences between EC a zones tended to be larger than those found between sample methods. For soil OM the signifi cant diff erences between zones were from 0.16 to 0.38%. Th e smaller diff erences were found between adjacent zones (Zones 1 and 2 and Zones 2 and 3) and, even though statistically signifi cant, may not be agronomically signifi cant. Within each fi eld, the larger OM diff erence was found between EC a Zones 1 and 3. In the texture attributes, the signifi cant diff erences between EC a zones were notably larger than the diff erences between sample method (ranged from 3.3 to 9.8% for sand, 1.7 to 5.3% for silt, and (1.5%) 2.7 to 5.3% for clay). As with OM, the largest diff erences were found between EC a Zones 1 and 3.
Logistic regression was used to examine how well the zone sample characterization of the soil within each EC a zone predicted the grid sample data in each EC a zone. Since the proportion of zone sample sites in each EC a zone were roughly the same as that in the grid sample data (Fig. 6) , the comparison was made based on centered soil attribute data (observed attribute valuedata set mean of attribute). Th is does not alter or rescale the attribute variance structure within each data set, but shift s the data set attributes to common means of 0 for each sample set. Th is transformation assumes that the dominant diff erence between the two sample sets is a consistent shift in value.
Based on best model criteria (see Methods) we selected the logistic models using centered OM and centered sand as predictors for Wiggins1 and centered sand only for Wiggins2. Th e results for the zone data classifi cation and predicted classifi cation of the grid data are shown in Fig. 6 . Wiggins1 EC a Zone 3 and Wiggins2 EC a Zone 2 were poorly defi ned in the zone (training) data sets and had the poorest prediction success in the grid data (test data). Prediction of zone membership was much better in the remaining zones. Generally, the classifi cation/misclassifi cation patterns between the training data and test data sets were similar enough to suggest that the relative zone attributes could be successfully captured by the smaller zone sample.
In these results one would not expect 100% classifi cation success. Zone boundaries are artifi cial boundaries located in zone transitions that can range from abrupt to gradual in some or all of the soil attributes considered. Consequently, classifi cation success should be evaluated on more than just predicting the right zone membership. Th e nature of the misclassifi cations should also be considered. Evaluation of the results should also consider the spatial and soil attribute context of the zone delineations. In these two fi elds the three EC a zones appear to partition low (Zone 1)-to-medium (Zone2)-and/or-high (Zone 3) gradients in all surface soil attributes considered. In Wiggins1, Zone 2 delineations almost always occurred between Zone 1 and Zone 3 delineations. In contrast, in Wiggins2, although Zone 2 is oft en found between Zone 1 and Zone 3 delineations, in certain parts of the fi eld Zone 1 is found adjacent to Zone 3 (Fig. 2) .
In both Wiggins1 and Wiggins2 fi elds, 81 to 82% of the grid sample sites in EC a Zone 1 were correctly predicted (Fig. 6) . In both fi elds EC a Zone 1 was associated with relatively homogenous soils formed in sand dunes which occurred in large delineations. In Wiggins1, soil EC a Zone 1 shares 98% of its boundaries with soil EC a Zone 2 and 2% with soil EC a Zone 3 (Fig. 2) . In Wiggins2, soil EC a Zone 1 shares 77% of its boundaries with Zone 2 and 23% with soil EC a Zone 3 (Fig. 2) . In both fi elds, the misclassifi ed EC a Zone 1 sites were placed in EC a Zone 2 (Fig. 6) .
In Wiggins1, EC a Zone 2 almost always occurred between EC a Zone 3 and EC a Zone 1. Sixty-eight percent of the grid sample sites in EC a Zone 2 were correctly predicted. Misclassifi ed sites were evenly distributed between EC a Zone 1 and EC a Zone 3. Only 50% of the Wiggins1 grid sample sites in EC a Zone 3 were correctly predicted. Th e misclassifi ed sites were placed in EC a Zone 2 (EC a Zone 3 shares 97% of its boundaries with EC a Zone 2 and 3% with EC a Zone 1 (Fig.  2) ). Wiggins1 had only three zone sample sites in EC a Zone 3 and these were poorly related to the EC a zone (two of the three sites in the zone sample were predicted to be in EC a zone 2). Th e poor case for EC a Zone 3 in these data may be more related to a poor sample rather than the existence or nonexistence of a relationship to these surface soil attributes.
In Wiggins2 41% of the grid EC a Zone 2 sites were correctly classifi ed, and the misclassifi ed sites were placed in EC a Zones 1 and 3 (EC a Zone 2 shares 43% of its boundaries with EC a Zone 1 and 57% with EC a Zone 3). Seventy-seven percent of the Wiggins2 grid sites in EC a Zone 3 were correctly predicted, with the majority (86%) of the misclassifi ed sites placed in EC a Zone 2 (EC a Zone 3 shares 18% of its boundaries with EC a Zone 1 and 82% with EC a Zone 2).
Some of the grid samples were located at the "transition zone" (i.e., area in the proximity of the zone boundaries) between diff erent zones. When the grid sampling sites were divided into those that were <10 m from a zone boundary or those that were ≥10 m from a boundary, we found that only 50 to 54% of the samples in the <10 m group were classifi ed correctly while 82 to 83% of the samples in the ≥10 m group were classifi ed correctly. Such an observation illustrates the soil variability that exists in the transition zone area. It would therefore be recommended to acquire zone-based soil samples away from the zone boundaries to achieve higher level of accuracy in characterizing soil properties represented by a zone. However, the nature of soil transition zones will vary between fi elds.
CONCLUSION
Numerous studies have shown that soil EC a measurements are dependent on soil attributes. Whether soil EC a zones developed from soil EC a patterns are a good basis for zone soil sampling is another issue. Th is study conducted on two fi elds in Colorado indicates that there is potential for using soil EC a data to classify crop fi elds into soil EC a zones to further assist in zone-based soil sampling for making better crop management decisions. Findings of this study suggest (i) that soil EC a measurements provide more information for site specifi c agricultural management compared to these Order 2 soil survey maps, which were not intended for precision agricultural applications; (ii) soil EC a measurements are successful in predicting the surface texture and SOM as documented in previous studies and (iii) though the zone sample and grid sample results of this study diff ered statistically, in our judgment these diff erences were small relative to the common information they shared about the EC a zone and associated soil patterns. Th e zone-based soil sampling could provide agronomically useful soil information as compared to grid soil sampling, without having the need to acquire a large number of soil samples as is the case of grid soil sampling which is time consuming, labor intensive, and cost prohibitive for most farmers. Th e fi ndings of this study provide an alternative to grid soil sampling without compromising with the agronomical information obtained about the crop fi eld. More research and studies are needed on several fi elds across physiographic regions to further test this concept of zone-based soil sampling as an alternative to grid soil sampling for precision agricultural management systems.
